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Introduction
Increasing energy eciency is a cornerstone of current climate and energy policies in many countries around the world. The European Union (EU) has set the goal to increase energy eciency by 20 percent by 2020 compared to 2008 in its 20-20-20 targets (EC, 2010) . 1 Targets for increasing energy eciency are set to reduce emissions resulting from the use of fossil fuels and enhance energy security by reducing import dependencies. Beyond 2020, the EU targets for the year 2030 include an increase in energy eciency of at least 27 percent compared to 2008 (EC, 2014) .
Germany, in particular, has set ambitious goals to increase energy eciency in the framework of the Energy Transition. The main energy eciency target consists in increasing nal energy productivity 2 by 2.1 percent per year until 2050. From 2008 to 2015, nal energy productivity, however, only increased by 1.3 percent per year on average, falling short of the target. To reach the objective by 2020 after all, an average increase of 3.3 percent per year is necessary, which requires Germany to increase its eorts to improve the energy eciency in all sectors of the economy. (BMWi, 2016b; .
The German manufacturing sector accounts for around 30 percent of nal energy demand and also has to contribute to the overall economy wide targets (BMWi, 2016a) .
Apart from nal energy demand, the German manufacturing sector is of particular interest because it is seen as the backbone of the German economy with a share of 20 percent in employment and 25 percent in GDP in 2016 (Destatis, 2017) . In addition, the German manufacturing sector accounts for around 20 percent of Germany's carbon dioxide emissions (BMWi, 2016a) .
If future energy and climate policy objectives are to be met, ecient policy measures are of the essence. To evaluate the policy mix and the potential to further increase energy eciency in the manufacturing sector, a better comprehension of energy eciency and its drivers is crucial. This requires analyses based on comprehensive microdata of the manufacturing sector incorporating rm heterogeneity. After all, measures to reach the politically prescribed goals have to be implemented by the individual rms. Thus, we estimate the rm-level energy demand and energy eciency for 14 two-digit industries in the German manufacturing sector using the stochastic frontier analysis (SFA) approach and data from the ocial German production census. Furthermore, we analyze dierent drivers of the estimated energy (in)eciencies.
In our analysis, we focus on drivers which are based on policy instruments and rm characteristics. These drivers can be inuenced by policy makers through dierent regulatory incentives, either costs or subsidies. Additionally, our analysis provides insights about the relationship of dierent rm characteristics and energy eciency, which can 1 The strategy also includes targets for the reduction of greenhouse gas emissions (GHG) and the increasing use of renewable energy sources (RES).
2 Final energy productivity is dened as price adjusted gross domestic product divided by total nal energy consumption. be inuenced by the rm itself and is thus of interest for managements. Consequently, our contribution includes not only the identication of the potential to increase energy eciency at the industry level but also of the inuence of dierent drivers, i. e. the relationship between the underlying energy eciency and the European Union Emissions Trading System (EU ETS), the rms' export status, the rms' R&D expenditures, their investments in environmental protection measures, as well as their electricity generation from renewable energy sources.
We contribute to the literature by applying a parametric stochastic frontier function approach to the estimation of energy demand and energy eciency. This is of great relevance because little is known about the drivers of energy eciency in manufacturing based on sound econometric analysis of ocial microdata. We use ocial German production census data (AFiD), i. e. a full sample of all manufacturing rms with more than 20 employees for the period from 2003 to 2012. This data set is highly reliable and comprehensive. On top of rms' energy use, it includes a wide set of covariates allowing us to capture the rm-level heterogeneity. To our knowledge, there is no other study applying a stochastic energy demand frontier model to Germany and so far there are only very few applications to rm-level census data.
Energy eciency can be estimated using a stochastic frontier function approach, in the course of which the frontier or benchmark of cost-minimizing energy demand is estimated (as adapted by Filippini and Hunt, 2011) . By contrast, previous studies on energy productivity have usually used energy intensity, i. e. the ratio of total energy use to an output measure, as an approximation to energy eciency, which, however, appears to be inadequate (Lundgren et al., 2016; IEA, 2012; Filippini and Hunt, 2011; Bhattacharyya, 2011) .
That is, it is important to dene these terms and distinguish between energy eciency, as it is analyzed in our study using a SFA, and energy intensity or productivity.
Energy intensity or productivity are often used in the political debate and also to set political targets as a proxy for energy eciency. As aforementioned, the German energy eciency target also refers to an increase in annual energy productivity. The denition of energy intensity is the ratio of energy consumption to GDP at the state or country level or energy use per output at the industry or rm level, or per square meter at the residential level. Energy productivity is the inverse of energy intensity.
Energy eciency, as we estimate it, is dened as the dierence between the actual and predicted energy use (Filippini and Hunt, 2011) . Filippini and Hunt (2011) show based on country-level data that it is not clear if energy intensity is actually a good proxy for energy eciency. Lundgren et al. (2016) show the same unclear relationship based on rm-level data for the Swedish manufacturing sector. The authors compare the energy eciency scores derived from a SFA with calculated energy intensities using a simple correlation analysis. The relationship is expected to be perfectly negatively correlated, if both are perfectly comparable. The authors nd negative correlations in most sectors, but with a relatively low magnitude. Thus, they cannot conrm that energy intensity is a clear-cut proxy for energy eciency. 3 While the stochastic frontier function approach has been applied to analyze energy demand and energy eciency at the country or state level (Filippini and Hunt, 2011; Evans et al., 2013; Fillipini and Hunt, 2012; Filippini et al., 2014) , the approach can be even more informative at the rm or plant level taking advantage of the underlying heterogeneity (Lundgren et al., 2016; Boyd and Lee, 2016) . The estimation of the stochastic energy demand function at the rm level allows comparing rms to a frontier or benchmark of energy eciency in each individual industry.
The use of individual plant-and rm-level data is very scarce in the literature regarding energy eciency due to limited data availability and the novelty of the use of the research approach to identify energy eciency and its drivers. However, the utilization of microdata is a very important step to exploit in-depth information and heterogeneity of plants and rms. In an early study, Boyd (2008) analyzes the energy eciency of corn mills in the US empirically using publicly unavailable plant data. He uses the stochastic frontier analysis approach as an energy eciency management tool. His results support the ENERGY STAR program by the U.S. Environmental Protection Agency (EPA), according to which a product or rm is eligible for the energy star if it falls above the 75 th percentile of energy eciency for comparable products or facilities (Boyd, 2008) .
The studies closest to ours are conducted by Lundgren et al. (2016) and Boyd and Lee (2016) . Lundgren et al. (2016) analyze energy eciency for 14 industries within Swedish manufacturing based on individual rm-level data for the years 2000 to 2008.
The authors apply a parametric stochastic frontier approach and the true random eects model by Greene (2005a Greene ( , 2005b , which allows for rm-specic heterogeneity. They nd considerable ineciencies, in particular in fuel use compared to electricity use. Boyd and Lee (2016) use a similar approach to analyze the energy eciency of ve dierent metal-based durable manufacturing industries in the United States. They apply the model to six repeated cross sections for each ve-year census for the years 1987 to 2012 using condential plant-level data on energy use and production from the quinquennial U.S. Economic Census. They also nd considerable ineciencies and consistently better electrical eciency compared to fuel (thermal) eciency.
Using German production census data, Petrick et al. (2011) analyze the energy use patterns and energy intensity in the German industry form 1995 to 2006. They nd strong positive correlations between energy intensity, energy use, CO 2 emissions, and emission intensity. Apart from this study, there is no analysis on energy demand and energy intensity using panel plant-or rm-level data of the German manufacturing sector to our knowledge. In contrast to Petrick et al. (2011) , we analyze the energy eciency of the German manufacturing sector applying a SFA and on top of that contribute a more recent analysis for the years 2003 to 2012 to the literature.
Our results suggest that there is still potential to improve energy eciency in most 3 For a visual analysis of the covariation, see Lundgren et al. (2016) . They conclude that one should be cautious about using energy intensity as a measurement for energy eciency.
industries of the German manufacturing sector. Compared to results from the Swedish manufacturing sector, the potential, however, appears to be smaller. We identify heterogeneous levels of energy eciency at the two-digit industry level. Our results for the mean time-variant energy eciency scores range from 0.80 to 0.97, compared to 1 as the reference point with no ineciencies present. Energy intensive industries, pulp & paper (0.85), chemicals (0.86), and basic metals (0.91), have a rather big potential to increase their energy eciency. Specically, energy intensive industries present a considerable lever regarding the eects of energy eciency improvements on overall energy use and rms' energy costs. That is, policy makers should consider to incentivize energy eciency increases especially in these industries by applying more comprehensive policy measures.
With our study, we are also among the rst to estimate the own-price elasticities of energy demand for the German manufacturing sector. The estimated industry-specic elasticities appear to be rather small in comparison to recent studies of other countries, ranging from around -0.4 to -0.8. These elasticities give an indication about the responsiveness of rms to changes in energy prices and thus their reactions to price-based policy interventions, which is of interest for policy makers.
Additionally, we analyze dierent drivers of energy eciency and nd that exporting and innovating rms are more energy ecient than their counterparts in most industries of the manufacturing sector. Our study is one of the rst empirical studies, in which this positive relationship is identied. Also rms that invest in environmental protection measures are more energy ecient than their counterparts in many industries. That is, clean technology adoption and energy eciency also have a positive relation at the rm level. Apart from this, rms regulated by the EU ETS are mostly less energy ecient than non-regulated rms. Comparing our results to the current literature, does not allow us to draw a comprehensive conclusion about the relationship between the EU ETS and energy eciency. Additionally, our analysis shows predominantly no signicant relationship between rms' electricity self-generation from renewable energy sources and their energy eciency.
The remainder of the paper is structured as follows. In Section 2, we describe the potential drivers of energy eciency analyzed in more detail. In Section 3, we outline the methodology of the SFA approach. Section 4 describes the German production census and the additional data used. The results of our analysis are shown in Section 5 and their robustness in Section 6. In Section 7, we conclude with a discussion.
Potential drivers of energy eciency
Energy eciency is one key element in many energy and climate policies, but not the only one. This fact leads to an interplay with various other aspects and objectives.
The reduction of greenhouse gas emissions as well as the increasing use of renewable energy sources are also important goals in the German energy and climate policy agenda (BMWi, 2016b; . To analyze the interactions between these measures, we study the relationship between energy eciency and the European Union Emissions Trading System (EU ETS), the investments in environmental protection measures, and the use of renewable energy sources for electricity generation. Furthermore, innovation is not only an integral part of current energy and climate policies, i. e. to develop new technologies for a low carbon or sustainable economy, but also of Germany's industrial policy, which is based on the following paradigm: Germany's economic strength is largely based on the eciency of German industry, and particularly on its innovative strength.
(BWMi, 2017) In addition, the (i)ndustry is at the heart of Germany's strong export performance. (BWMi, 2017) To better understand the determinants in these key areas (innovation and export) of the German economy, we study their interplay with energy eciency. Overall, we analyze the relationship of these dierent drivers with the energy eciency development of rms in 14 two-digit industries of the German manufacturing sector. In this section, we shortly describe the determinants used in our analysis in more detail and additionally give an overview on possible relationships drawn from the literature.
First, we analyze the relationship between the EU ETS and rms' energy eciency.
The EU ETS is the most important climate policy instrument of the EU and its member states. With the help of the EU ETS, the EU aims at steering the European economy to a low carbon pathway. The EU ETS puts a price on the greenhouse gas emissions of the regulated installations and consequently on fossil fuel use. Theoretically, the use of fossil fuels should be reduced by this price signal and rms should face incentives to use energy more ecient (Linares and Labandeira, 2010; de Miguel et al., 2015) . Thus, we would expect that regulated rms are more energy ecient than their counterparts. However, the empirical literature on the EU ETS and its impact on rms is scarce. Martin et al. (2016) as well as Joltreau and Sommerfeld (2016) give comprehensive overviews on the impacts of the EU ETS on rm behavior.
The empirical evidence specically analyzing German manufacturing is even more limited. Petrick and Wagner (2014) investigate the causal eects of the EU ETS regarding emissions, output, employment, and exports. They nd that the EU ETS reduced emissions of regulated rms, but had no signicant impact on output, employment, and exports in the years 2007 to 2010. Lutz (2016) estimates the eects on rm-level productivity using a structural production function approach and data of the German production census from 1999 to 2012. He shows that the EU ETS had a signicant positive impact on productivity during the rst compliance period. Furthermore, investigate the eects of the EU ETS on the technical eciency of German manufacturing rms using data from 2003 to 2012. They apply a dierence-in-dierences approach combined with parametric conditioning strategies and nd no signicant eect of the EU ETS on the performance of regulated rms. They also analyze the treatment eects at the two-digit industry level for four dierent industries and only nd statistically signicant results for the paper industry. In this industry, the EU ETS had a signicantly positive impact on the eciency of the regulated rms. The empirical ev-idence on the relationship between the EU ETS and energy eciency is even scarcer.
Specically regarding energy eciency, Lundgren et al. (2016) nd a mixed relationship with energy eciency, that is in some industries positive, negative, or not signicant at all. We add to this strand of literature and analyze the correlation between the EU ETS and energy eciency in the dierent industries of the German manufacturing sector.
As a second determinant of energy eciency, we analyze the inuence of the exporting status of rms. Exporting could increase energy eciency through dierent channels.
Improved foreign market access could, for example, induce innovation or it may improve management practices (Roy and Yasar, 2015) . From a broader perspective, there is literature regarding the relationship between exporting behavior and rm performance or productivity. Wagner (2012) gives an overview of the literature and summarizes that exporters are more productive than non-exporters. The higher productivity of exporters could also be related to higher energy eciency. But there is no evidence yet on the relationship between export status and energy eciency. There are, however, studies on the relationship between export status and energy use. Roy and Yasar (2015) nd that exporting reduces the use of fuels relative to electricity. They analyze a rm-level panel data set for Indonesia. Batrakova and Davies (2012) show theoretically and empirically with Irish rm-level data that exporting increases energy use due to greater output.
However, the eect can be oset by adopting more energy-ecient technologies and this reaction is stronger for rms with higher energy intensity. Cole et al. (2008) , and Dardati and Saygili (2012) analyze Ghanaian and Chilean rms, respectively. They nd that exporting is negatively related to energy intensity. To conclude, so far there is no study analyzing the association of exporting status to the underlying energy eciency.
There is, however, some indication for a negative relationship between energy intensity and exporting status.
Furthermore, we analyze the correlation between rms' R&D expenditures, as proxy for the innovation behavior of rms, and their energy eciency. Innovations, policy incentives and high relative energy prices make new technologies often more energy ecient than older ones. Thus, innovative rms may also be more energy ecient. Popp (2001) , for example, nds that one-third of the reduction of industrial energy consumption can be explained by innovation. He uses patent data to create a knowledge stock at the US industry level. We use the rms' R&D expenditures as proxy for innovation. However, it is unclear ex ante how the relationship between innovation and energy eciency materializes for manufacturing rms. An overview of further literature on the relationship between energy and technological change can be found in Popp et al. (2010) .
The same rationale for more energy ecient new technologies may also hold for investments in environmental protection measures. These investments account for the adoption of technologies, specically green technologies. There are numerous studies on the determinants of green or clean technology adoption and rm performance; for a recent overview see Hottenrott et al. (2016) . The relationship between environmental protection investments and energy eciency, however, has not yet been studied to the best of our knowledge.
Finally, we analyze the relationship between energy eciency and the usage of renewable energy sources to self-generate electricity. It is unclear how self-generation relates to energy eciency and as far as we are aware there have been no studies analyzing this relationship so far. From the perspective of a rm, investments in renewable energy technologies increase its capital stock, but could crowd out other investments which could be favorable for the productivity as well as energy eciency of the rm, as Boyd and McClelland (1999) suggest.
4 The eects on the other input factors of the production function are also not straightforward. Furthermore, the implications depend on the relative energy prices from self-generated electricity and purchased electricity from utilities, as well as possible cogeneration of process heat.
As the implications and the magnitude of the dierent drivers of energy eciency are mostly unclear and never have been analyzed for the German manufacturing sector, we will study their relationships empirically.
The stochastic energy demand frontier approach
The measurement of energy eciency based on economic foundations has evolved from the economic theory of production and the empirical methods for measuring productive eciency. For a general overview of frontier, eciency, and productivity analyses, we refer you to Coelli et al. (2005) , Fried et al. (2008) , or Kumbhakar and Lovell (2000) . For an overview on the literature and methodology of energy eciency measurement based on economic foundations, see Filippini and Hunt (2015) .
The estimation of a measure of ecient use of energy can be based on a stochastic demand function of energy (Filippini and Hunt, 2011). 5 This is a parametric approach, which has higher discriminating power in energy eciency performance measurement compared to its nonparametric frontier counterparts like the data envelopment analysis (DEA) (Zhou et al., 2012) . The estimated energy demand function gives the costminimizing input combination to produce a given level of output, i. e. energy service.
It indicates the minimum amount of energy that is necessary to produce a given level of output, given the technology, input prices, and other factors (Filippini and Hunt, 2015) . The dierence between the frontier and the actual energy use can be explained by allocative or technical ineciencies. Boyd (2008) is a prominent example of a study estimating an energy input requirement function using stochastic frontier analysis. He stresses the notion that energy eciency should be measured relative to some benchmark (instead of simply measuring inputs to outputs), which is achieved by stochastic frontier analysis. He focuses on plant-level energy eciency, illustrating his approach by using data on US corn mills.
While an energy input requirement function uses input amounts in order to explain minimal requirements for output production (e. g. Boyd, 2008) , by contrast, an energy demand frontier function uses input prices instead of input amounts as an explanatory variable for energy use (e. g. Filippini and Hunt, 2011, 2012; Evans et al., 2013; Filippini et al., 2014) . 6 Thus, the frontier cost (minimizing) level of energy demand is based on energy prices, given the output and quasi-xed inputs (Boyd and Lee, 2016) . (Mundlak, 1978) .
Early panel models for the stochastic frontier function approach did not dierentiate between transient and persistent ineciencies (for an overview see Filippini and Greene, 2016) . We employ the true random eects model (TRE) proposed by Greene (2005a Greene ( , 2005b . It is based on the pooled model of Aigner, Lovell and Schmidt (1977) and extended by rm-specic time-invariant random eects. This model's error term subsumes three dierent components: a term for time-invariant unobserved rm-level heterogeneity (ψ i ), a rm-specic time-varying ineciency term (u it ), and a random noise term (ν it ).
Thus, the TRE model allows estimating the rm-specic time-variant, transient energy ineciency u it . A similar approach is used by Lundgren et al. (2016) with Swedish rm-level data as well as by Boyd and Lee (2016) with US plant-level data.
Our estimation incorporates both the energy demand function (Equation 1) and the drivers of its ineciencies (Equation 2) within a single-stage approach using maximum simulated likelihood. We estimate the following short-run stochastic cost-minimizing energy demand function for rm i in period t separately for each two-digit industry within the manufacturing sector:
In Equation 1, y denotes the gross value of produced output, and k, l, and m denote capital, labor, and materials, respectively. p e refers to the energy price and T is a time trend variable, which captures technological change. ψ i as introduced by Greene (2005a and 2005b ) is a rm specic random eect and allows for time-invariant heterogeneity at the individual level, which is assumed to be uncorrelated with the other input factors, the prices and the time trend.
We identify ν it and u it by making assumptions about their functional forms. u it can be referred to as the conditional energy ineciency. It is assumed to have a non-negative truncated normal distribution u it ∼ N + (µ it , σ 2 u i ). Intuitively, ineciencies can only take positive values as no rm can be any more ecient than the frontier. Furthermore, ν it is the usual error term, which is assumed to have a normal distribution ν it ∼ N (0, σ 2 ν i ). The complete error term can also be written as it with it = ν it + u it .
6 For a detailed overview and comparison of dierent economic models see Filippini and Hunt (2015) .
Our variables representing the drivers of energy eciency are placed in the mean (µ it ) of the non-negative truncated normal distribution of u it , which represents the ineciency.
We use the status of regulation by the EU ETS (ET S), the export status (EX P ), the R&D activity status (R&D), the investment activity in environmental protection (EP I), and the self-generation of electricity from renewable energy sources (REN EW ) as variables in our conditional ineciency model.
The estimation of the conditional ineciency follows the model:
where ζ it is a random error term.
To get an indication of eciency or ineciency, we use two indicators. First, we calculate λ, which is dened as λ i = σ u i /σ ν i , and provides information on the relative contributions of the error term (ν it ) and the energy eciency term (u it ) to the decomposed error term. If λ is signicant, it means that the variance of the conditional energy ineciency term (u it ) is signicantly greater than 0. Consequently, it indicates that there are signicant dierences in energy eciency between the rms within the respective two-digit industry. Second, the energy eciency of every analyzed industry can be translated into an energy eciency score EE it , which is given by EE it = exp{−μ it }. It represents the distance of every rm to the frontier in the respective industry. An energy eciency score of one indicates an industry on the frontier, which would mean that all rms and thus the industry are 100 percent energy ecient.
It is assumed that markets are perfectly competitive and rms minimize costs (Lundgren et al., 2016) . Under these assumptions, the estimated eciency scores will fully capture time-variant ineciency. Note that time-constant, persistent rm-specic ineciencies are part of the time-invariant heterogeneity term ψ i in the TRE model. In this case, the rm-specic ineciency term u it does not capture the persistent part of ineciencies and should therefore be considered as a conservative estimate.
Data
Our analysis is based on data from the German production census AFiD (Amtliche Firmendaten für Deutschland Ocial rm data for Germany) provided by the Federal Statistical Oce and the Statistical Oces of the Länder. The data is condential and only accessible for scientic purposes. The participation is mandatory by law and the quality of the results is monitored by the Statistical Oces. It is also used as a basis for ocial government statistics. The structure of this longitudinal data set is modular.
Below we describe the dierent data modules that we combine for our analysis.
The core data set is the Cost Structure Survey (CSS), which contains comprehensive annual information about output produced and inputs used by rms in the manufacturing sector. The CSS includes all manufacturing rms with more than 500 employees and a random sample of rms with more than 20 and less than 500 employees. The random diation. We aggregate this information on rm level to be able to combine all data sets described.
As measure for output, we use the gross value of production of the rm. This is taken from the Census on Production and deated using two-digit ISIC deators.
7 The measure for labor input is calculated as the annual average of the number of employees reported monthly in the production census. This annual average of monthly data oers more detailed information on employment compared to the number of employees collected at the reporting date of the CSS. To compute the rm's capital stock, we use the perpetual inventory method. A detailed description of the method and its application to AFiD data can be found in Lutz (2016) . Material expenditures are taken from the CSS and deated in the same manner as our output variable. We also include the rm specic average energy price in our energy demand frontier function. The energy price is calculated by dividing the rm's total energy expenditures by its total energy use, including fuels and electricity, for each year and rm. In Table 1 , we report the descriptive statistics for the aforementioned variables of the energy demand function. More detailed descriptive statistics are presented in Appendix B.
The drivers of energy eciency are obtained as followes: in order to identify rms which are regulated by the EU ETS (ET S), we match the production census with the European Union Transaction Log (EUTL) from 2005 to 2012. We use information on the commercial register number and the VAT number for the merger. This data is also used in Lutz (2016) and . More information on the methodology of the merger is available in Appendix A. The production census provides information on revenues from exports at the rm level. We identify a rm as exporting if the export revenues are positive (EX P ). Furthermore, we create a dummy variable for the rm's 7 The data on price indexes was retrieved from the Federal Statistical Oce and has already been used for example by Lutz (2016) . geothermal, or solar photovoltaics) or not. We report the descriptive statistics for the eciency determinants at the two-digit industry level in Table 2 . The yearly descriptive statistics of the eciency determinants can also be found in Appendix B.
Results
In this section, we present the estimated energy demand stochastic frontier as well as the simultaneously estimated relationships of dierent drivers and energy eciency. In Table 3, The results of the estimated energy demand frontier in Table 3 show plausible signs for the short-run elasticities from an economic point of view. The positive signs for labor, capital, output and materials can be interpreted as follows: Given the technology a respective increase in these variables would require an increasing energy demand. The positive and highly statistically signicant time trend hints at the fact that the energy to 1986 and nd an own-price elasticity of energy of -0.56. Nguyen and Streitwieser (2008) , in contrast, nd much higher own-price elasticities in the range of -1.68 to -7.27
for two-digit US manufacturing industries, but note that they use a cross section for the year 1991. In a more recent study, Haller and Hyland (2014) Note that there are more studies analyzing own-price elasticities in the manufacturing sector, but in many studies it is possible to split energy use into fuel and electricity use.
We are not able to disentangle the energy use due to our underlying data and therefore the comparison to these results seems not feasible, cf. Woodland, 1993; Bjørner et al., 2001; Arnberg and Bjørner, 2007; Boyd and Lee, 2016; Lundgren et al., 2016; Abeberese, 2017 .
Regarding the drivers of energy eciency, 9 our analysis suggests that exporting rms are more energy ecient than non-exporting rms in most industries. Exporting rms are less energy ecient only in the repair and installation industry (33). The same holds for innovating rms. These are generally more energy ecient except in the repair and installation (33) industry. Our results are in line with analyses on dierent productivity and eciency measures presented in Section 2. However, we can show for the rst time that there is a positive relationship between exporting or innovating and the energy eciency of manufacturing rms.
EU ETS regulated rms, on the other hand, are less energy ecient in most industries than their non-regulated counterparts. Only EU ETS regulated rms in the chemical industry (20) are more energy ecient than non-regulated ones. The lower energy eciency of regulated rms is counterintuitive to our expectations formulated in Section 2. Our 8 Note that we cannot disentangle fuel and electricity demand. 9 The results of the regression of the determinants presented in Table 3 can be interpreted as follows.
A negative sign means that the rms with variable status 1 are more energy ecient compared to the group with variable status 0.
results are not in line with the results of Lundgren et al. (2016) for the Swedish manufacturing sector; they nd ambiguous results and no clear-cut trend regarding regulated and non-regulated rms. For the chemical industry, for example, they nd that regulated rms are less fuel ecient, which is in contrast to our results. On the other hand, for the pulp and paper industry they nd a similar eect, namely that regulated rms are also less fuel ecient than their counterparts. Thus, the EU ETS seems to regulate less energy ecient rms. The incentives for rms to become more energy ecient, which should exist due to the price signal as we stated above, might, however, materialize in the long term, when the signal is more salient to rms.
The results for environmental protection investments suggest that rms which invest are also more energy ecient. This positive result applies to the pulp and paper (17), rubber and plastics (22), fabricated metal products (25), electrical equipment (27), and machinery (28) industries. Nevertheless in the wood (16) and other manufacturing (32) industries the picture is negative for rms which invested in environmental protection.
Thus, overall our results suggest that energy eciency and clean technology adoption seem to be positively related to each other.
The association of energy eciency and the use of renewable energy sources is only statistically signicant in three industries. Thus, rms which self-generate electricity by using renewable energy are more energy ecient in the machinery (28) industry and less energy ecient in the food (10) and other transport equipment (30) industries. That is, we cannot draw clear conclusions from our analysis on the relationship between energy eciency and the self-generation of electricity with renewable energy sources. There are two indicators for energy eciency in our model. The rst one as mentioned above is λ, which is shown in the last column of Table 3 . We can identify energy ineciencies for most industries in the German manufacturing sector. λ is statistically signicant in almost all analyzed industries. This means that we can reject the null hypothesis of λ = 0, i. e. there are time-variant dierences in energy eciency between the rms within the respective two-digit industry. The variance of the conditional energy ineciency term u is signicantly greater than 0.
The second indicator is the energy eciency score: EE it = exp{−μ it }. These scores are presented in Table 4 . The highest possible score is 1, which would indicate that there is no potential for time-variant energy eciency improvements in the respective industry.
The mean energy eciency scores in our analysis range from 0.803 in the wood industry (16) to 0.973 in the food industry (10). The results for the median scores range from 0.835 to 0.999 in the respective industries. These results are fairly high, which hints at the fact that there is actually not much potential to increase energy eciency. Note, that this is the time-variant part of the energy eciency and considered in relation to the industry's own benchmarking technology. Furthermore, the median is larger than the mean in most industries, except for repair & installation (33). The mass of the distribution is therefore concentrated above the mean. That is, most rms in the respective industries are relatively closer to the frontier and therefore the 100 percent energy ecient rm in each industry.
Policy makers are particularly concerned about energy intensive rms and industries.
On the one hand, most energy eciency goals are set to reduce energy intensity in the future. On the other hand, there is a concern that especially energy intensive rms and industries might lose competitiveness through energy and climate policies as they face high shares of energy costs. In Table 4 , we also include the mean and median energy intensities measured in energy use per output (kWh/EUR) at the two-digit industry level.
The industries with the highest mean energy intensity in our sample are the pulp & paper (17), chemicals (20), and basic metals (24) industries. The pulp & paper industry, as the most energy intensive industry (1.176) in our sample, has one of the lowest mean energy eciencies (0.845). Thus, compared to other industries, there is a high potential to increase the time-variant energy eciency and many rms are far from utilizing the optimal cost-minimizing energy demand function of the best performing rm on the frontier. The chemicals industry has a medium rank energy eciency score compared to other industries in our sample, but still a relatively low mean energy eciency score of 0.857 after all. The basic metal industry has in comparison a rather high energy eciency score, which leads to the conclusion that there is not as much potential for increases in energy eciency. However, there is some potential, because the mean energy eciency score of the basic metals industry amounts to 0.914.
Robustness check
A concern that could be raised regarding our estimation might be a simultaneity or timing problem between the energy demand function and the drivers of energy eciency.
Thus, we also use a specication with lagged values of dierent determinants. The determinants are lagged for one year, so the results can be interpreted as the eect of the status of the determinant from year t − 1 on the energy eciency in year t. We lag the exporting status (EX P t−1 ), the expenditures in R&D (R&D t−1 ), the investments in environmental protection (EP I t−1 ) and the electricity generation from renewable energy sources (REN EW t−1 ). For the EU ETS, we suppose no lagged inuence, because for most rms the regulatory status should be clear for a longer period. The results for the lagged model specication are presented in Table 5 . A comparison of the results of the contemporaneous and lagged analyses is presented in Appendix C.
The estimation with lagged energy eciency determinants reveals that exporting rms are for the most part more energy ecient than non-exporting rms. This conrms the results from our former estimation. The same result holds for the R&D activities of rms. Thus, innovating rms are more energy ecient than their counterparts in mostly all estimated industries. The lagged specication of environmental protection investments suggests that rms which invested are more energy ecient than rms which did not invest in environmental protection measures. All statistically signicant industries (textiles (13), rubber & plastics (22), fabricated metal products (25), and machinery (28) Table 6 and a comparison to the results of the estimation with contemporaneous variables can be found in in Appendix C.
Concluding discussion
Increasing energy eciency plays a crucial role in current energy and climate policies.
However, little is known about the determinants and drivers of industrial energy demand and energy eciency. Therefore, insights into these developments are needed. This can help to improve the eciency of current and future policy instruments and thus to achieve the overarching climate and energy policy targets. The manufacturing sector, with its considerable energy use and carbon dioxide emissions, is an important sector when it comes to contributing to these goals and increasing energy eciency. Moreover, the manufacturing sector is very heterogeneous. We acknowledge this by analyzing energy eciency at the industry level capturing the rm-level heterogeneity.
We analyze the determinants of energy eciency in the German manufacturing sector by means of a stochastic energy demand frontier analysis. We estimate the energy demand function at the two-digit industry level allowing for rm heterogeneity by using ocial rm-level production census data. Furthermore, we analyze potential drivers of energy eciency. The selection of drivers in our analysis is based on the relevance for research and policy. Except for the EU ETS, our analysis is the rst to analyze these drivers. For our analysis, we focus on the following policies and rm characteristics: Reaching the frontier could lead to more ecient use of energy, supposably without harming the competitive position of these industries. Additionally, the changes in energy demand and eciency in energy intensive industries have larger impacts on the overall goals than those in industries with low energy intensities. Thus, the increase in energy eciency in energy intensive industries is of high importance to reach the underlying energy and climate policy goals.
Additionally, we nd that there is also heterogeneity regarding the inuences of the analyzed drivers of energy eciency. Exporting and innovating rms are in general more energy ecient than non-exporting and non-innovating rms. Thus, we show that these measures are positively correlated to higher energy eciency in almost all industries in the manufacturing sector. Also, in most industries rms that invest in environmental protection measures are more energy ecient than their counterparts which do not invest.
Our results suggest that clean technology adoption and energy eciency are closely related in many industries in the manufacturing sector.
However, EU ETS regulated rms are mostly less energy ecient than non-regulated rms. The chemical industry is an exception; EU ETS regulated rms in the chemical industry are more energy ecient than non-regulated rms. Comparing our results to earlier studies, does not allow us to draw a clear conclusion about the relationship between energy eciency and the EU ETS. Apart from that, our analysis shows predominantly no signicant relationship between rms' electricity self-generation from renewable energy sources and energy eciency. Our results are generally also robust, if we use one
year lagged variables in the conditional energy eciency function to avoid timing or simultaneity problems.
In future research, the contemporaneous identication of time-variant and timeinvariant rm-specic ineciencies could be of interest (cf. Filippini and Greene, 2016) .
This could help to better understand the underlying sources of energy (in)eciency in the manufacturing sector and thus to tailor policy instruments according to the specic requirements of the dierent industries. Matching AFiD, CSS, and EUTL: The dierent internal data sets of the Statistical Oces of Germany, such as AFiD and CSS, can easily be merged via plant-and rm-level identiers. However, it requires some eort to match external data to AFiD and CSS, since the information on rm identiers and names is not accessible for researchers.
We match AFiD data at the rm level with aggregated data from the EUTL for the years from 2005 to 2012 using the commercial register number and the VAT number. We are able to match 77 percent (813 rms) of the rms in the EUTL with AFiD. The 238 rms that are not matched mainly belong to the energy, public, or service sector and thus are not part of the production census for manufacturing. EEmean   I   II   I   II   I   II   I   II   I   II   I   II   I   II   Food 
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